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ABSTRACT
In this paperwe reporton the LIMSI 1999Hub-4Esystemfor

broadcastnews transcription. The main differencefrom our pre-
vious broadcastnews transcriptionsystemis that a new decoder
wasimplementedto meetthe10xRT requirement.Thissinglepass
4-gramdynamicnetworkdecoderis basedon a time-synchronous
Viterbi searchwith dynamicexpansionof LM-state conditioned
lexical trees,and with acousticand languagemodel lookaheads.
The decodercanhandleposition-dependent,cross-wordtriphones
andlexiconswith contextualpronunciations.Fasterthanreal-time
decodingcanbeobtainedusingthis decoderwith aword errorun-
der30%,runningin lessthan100Mb of memoryon widely avail-
ableplatformssuchPentiumIII or Alphamachines.

The samebasic models (lexicon, acousticmodels, language
models)andpartitioningprocedureusedin pastsystemshavebeen
usedfor this evaluation. The acousticmodelswere trained on
about150hoursof transcribedspeechmaterial.65Kwordlanguage
modelswereobtainedby interpolationof backoff n-gramlanguage
modelstrainedon differenttext datasets.Prior to worddecodinga
maximumlikelihoodpartitioningalgorithmsegmentsthedatainto
homogenousregionsandassignsgender, bandwidthandclusterla-
belsto thespeechsegments.Word decodingis carriedout in three
steps,integratingcluster-basedMLLR acousticmodeladaptation.
Thefinal decodingstepusesa4-gramlanguagemodelinterpolated
with a category trigrammodel. The overall word transcriptioner-
ror onthe1999evaluationtestdatawas17.1%for thebaseline10X
system.

1. INTRODUCTION
ThispaperdescribestheLIMSI 1999broadcastnewstran-

scriptionsystemandreportson ourdevelopmentwork prior
to thefall 1999Hub4evaluationtest.Thebaselinecondition
in this test imposeda computationaltime limit of 10 times
real-time. In orderto meetthis requirementa new decoder
was implementedwhich transcribesbroadcastdatain less
than10 timesreal-timewith only a slight increasein word
errorratewhencomparedto ourbestsystem[10].

A major recentadvancein speechrecognitiontechnol-
ogy is the ability of todays systemsto deal with non-
homogeneousdata as is exemplified by broadcastnews:
changingspeakers,languages,backgrounds,topics. How-
ever transcribingsuchdatarequiressignificantlyhigherpro-

cessingpower thanwhatis neededto transcribereadspeech
datain acontrolledenvironment,suchasfor speakeradapted
dictation. With the rapid expansion of different media
sourcesfor information dissemination,processingtime is
an important factor in making a speechtranscriptionsys-
temviable for automaticindexation of radio andtelevision
broadcasts.A varietyof near-termapplicationsarepossible
suchasaudiodatamining, selective disseminationof infor-
mation,mediamonitoringservices,disclosureof the infor-
mationcontentandcontent-basedindexation for digital li-
braries,etc. Currentstate-of-the-artlaboratorysystemscan
transcribeunrestrictedbroadcastnews datawith word error
ratesunder20%. Whenonly concernedby the word error
rate,it is commonto designsystemsthat run in 100 times
real-timeor more.

In designinga broadcastnews transcriptionsystemwith
computationalresourcesin the rangeof 10xRT, we com-
paredperformanceusingsinglepassor multiplepassdecod-
ing strategies. For eachconfigurationthe acousticandlan-
guagemodelswereselectedto optimizeperformancegiven
thecomputationalconstraints.Theinfluenceof transcription
accuracy on indexationperformancewasinvestigatedusing
theTREC-8SDRdata[7, 10].

In theremainderof this paperwe provideanoverview of
theLIMSI Nov99 Hub-4Esystem,with anemphasison the
new singlepassdecoderdevelopedfor this evaluation. Re-
sultsarereportedona a representative portionof theNov98
evaluationtestsetusedfor systemdevelopment,aswell as
the1999evaluationtestset.All thereportedrunsweredone
ona CompaqXP1000500MHzmachinewith Digital Unix.

2. SYSTEM OVERVIEW
The LIMSI broadcastnews automatictranscriptionsys-

tem [3] consistsof an audio partitioner[9], and a speech
recognizer[4, 11].

Thegoalof audiopartitioningis to dividetheacousticsig-
nalinto homogeneoussegments,labelingandstructuringthe
acousticcontentof thedata. Partitioningconsistsof identi-
fying andremoving non-speechsegments,andthencluster-
ing the speechsegmentsandassigningbandwidthandgen-



der labelsto eachsegment. The result of the partitioning
processis a setof speechsegmentswith cluster, genderand
telephone/widebandlabels,which can be usedto generate
metadataannotations.While it is possibleto transcribethe
continuousstreamof audiodatawithout any prior segmen-
tation,someof theadvantagespartitioningoffersover such
a straight-forwardsolutionaregivenin [9].

Thepartitioningapproachusedin theL IMSI BN transcrip-
tion systemrelies on an audio streammixture model [9].
Eachcomponentaudiosource,representinga speakerin a
particularbackgroundandchannelcondition,is in turnmod-
eled by a GMM. The segment boundariesand labels are
jointly identifiedby an iterative maximumlikelihood seg-
mentation/clusteringprocedureusing GMMs and agglom-
erative clustering. The partitioning procedure(segmenta-
tion andlabeling)is identicalto theoneusedin theNov’98
LIMSI HUB4E system[11], exceptfor thenumberof itera-
tionswhich is reducedto 8 for a slight speedup.

The partitioningprocedureis asfollows: First, the non-
speechsegmentsaredetected(andrejected)usingGMMs.
Four GMMs eachwith 64Gaussiansserve to detectspeech,
pure-musicandother (background). All test segmentsla-
beled as music or silence are removed prior to further
processing. An iterative maximum likelihood segmenta-
tion/clusteringprocedureis thenappliedto the speechseg-
mentsusingGMMs andan agglomerative clusteringalgo-
rithm. Giventhesequenceof cepstralvectorsthealgorithm
tries to maximizean objective function definedasa penal-
ized log-likelihood. AlternateViterbi reestimationandag-
glomerative clusteringgives a sequenceof estimateswith
non-decreasingvaluesof the objective function. The algo-
rithm stopswhenno merge is possible.A constrainton the
clustersize is usedto ensurethat eachclustercorresponds
to at least10sof speech.This procedureis controlledby 3
parameters:the minimum clustersize(10s),the maximum
log-likelihood lossfor a merge, andthe segmentboundary
penalty. When no more mergesarepossible,the segment
boundariesare refined(within a 1s interval) using the last
setof GMMsandanadditionalrelativeenergy-basedbound-
ary penalty. This is doneto locatethe segmentboundaries
at silenceportions,so as to avoid cutting words. Speaker-
independentGMMs correspondingto widebandspeechand
telephonespeech(eachwith 64 Gaussians)are then used
to label telephonesegments.This is followedby segment-
basedgenderidentification,using2 setsof GMMs with 64
Gaussians(onefor eachbandwidth).The resultof the par-
titioning processis a set of speechsegmentswith cluster,
genderandtelephone/widebandlabels.

For eachspeechsegment,thewordrecognizerdetermines
thesequenceof wordsin thesegment,associatingstartand
end times and an optional confidencemeasurewith each
word. � The speaker-independentlargevocabulary, contin-

�
Prior to decoding,segmentslongerthan30sarechoppedinto smaller

uousspeechrecognizermakesuseof n-gramstatisticsfor
languagemodelingandof continuousdensityHMMs with
Gaussianmixturesfor acousticmodeling.Word recognition
is usuallyperformedin threesteps:1) initial hypothesisgen-
eration,2) word graphgeneration,3) final hypothesisgen-
eration. The hypothesesareusedin cluster-basedacoustic
modeladaptationusing the MLLR technique[16] prior to
wordgraphgeneration,andall subsequentdecodingpasses.
The final hypothesisis generatedusinga 4-gramlanguage
model.

For all theexperimentalresultsgivenin thispaper, thefol-
lowing trainingconditionswereused.Theacousticmodels
weretrainedonabout150hoursof AmericanEnglishbroad-
castnewsdata.Thisdatawasusedto traintheGaussianmix-
turemodelsneededfor segmentationandtheacousticmod-
els for usein word recognition. We usedthe August1997
andFebruary1998releasesof theLDC transcriptions.Over-
lappingspeechportionsweredetectedin the transcriptions
andremoved from the trainingdata.Thephonemodelsare
position-dependenttriphones,with about11500tied-states
for the largestmodel set. Using word-positiondependent
triphonemodels,enablesmoreaccurateacousticmodeling
at word boundariesas the contexts are limited to thosetri-
phonesactuallyoccurringin cross-wordposition.Thestate-
tying is obtainedviaadivisive,decisiontreebasedclustering
algorithmwith et of 184 questionsconcerningthe distinc-
tive featuresof the phoneandthe neighboringphonesand
thestatepositions.Thenumberof triphonecontextsandthe
amountof parametersharing(statetying) influencethetotal
modelsize(numberof Gaussians)andconsequentlythede-
codingspeed.Widebandandtelephonebandsetsof gender-
dependentacousticmodelswerebuilt usingMAP adaptation
of SI seedmodels.

The acousticanalysisderivescepstralparametersfrom a
Mel frequency spectrumestimatedon the 0-8kHz band(0-
3.5kHz for telephonespeechmodels)every 10ms[6]. For
each30msframetheMel scalepowerspectrumis computed,
andthecubicroottakenfollowedby aninverseFouriertrans-
form. ThenLPC-basedcepstrumcoefficientsarecomputed.
Thecepstralcoefficientsarenormalizedonasegmentcluster
basisusingcepstralmeanremoval andvariancenormaliza-
tion. Eachresultingcepstralcoefficient for eachclusterhas
azeromeanandunity variance.The39-componentacoustic
featurevectorconsistsof 12cepstrumcoefficentsandthelog
energy, alongwith thefirst andsecondorderderivatives.

Fixedlanguagemodelswereobtainedby interpolationof� -grambackoff languagemodelstrainedon 3 differentdata
sets:203 M wordsof BN transcriptsfrom LDC (years92-

piecesso asto limit the memoryrequiredfor the trigram and4-gramde-
codingpasses[6]. To do so a bimodaldistribution is estimatedby fitting
a mixtureof 2 Gaussiansto the log-RMSpower for all framesof the seg-
ment. This distribution is usedto determinelocationswhich arelikely to
correspondto pauses,thusbeingreasonableplacesto cut thesegment.Cuts
aremadeat themostprobablepause15sto 30sfrom thepreviouscut.



95)andfromPSMedia(years96,97andJan/Feb’98);343M
words of NAB newspapertexts and AP Wordstreamtexts
(Jan’94- Feb’98); 1.6 M wordscorrespondingto the tran-
scriptionsof the acoustictraining data (including all the
dev and test setspredatingJan’98). The BN texts from
PSmediawere processedusing a modified version of the
bn raw2sgml.pl perl script from BBN madeavailable by
LDC. Thebroadcastnews trainingtexts werecleanedin or-
der to be homogeneouswith the previous texts, and filler
wordssuchasUH andUHM, weremappedto auniqueform.
All of the trainingtexts (95 Hub3andHub4,andBN) were
reprocessedto addaproportionof breathmarkers(4%),and
of filler words(0.5%)[6]. The interpolationcoefficientsof
theseLMs were chosenso as to minimize the perplexity
on the 2nd set of the Hub4 Nov98 evaluation data. The
4-gramLM contains7M bigrams,14M trigramsand11M
fourgrams.

The recognitionword list contains65122wordsis iden-
tical to the one usedin the Nov’98 LIMSI HUB-4E sys-
tem [11], andhasa lexical coverageof 99.7%and 99.5%
on the Hub4-Nov98 set2 andthe eval99 testsets,respec-
tively. Thepronunciationsarebasedona 48 phoneset(3 of
themareusedfor silence,filler words,andbreathnoises).A
pronunciationgraphis associatedwith eachwordsoasto al-
low for alternatepronunciations,includingoptionalphones.
Compoundwordsareusedfor about300 frequentword se-
quencesand1000frequentacronyms[6].

3. SINGLE-PASS DECODER

A 4-gramsingle-passdynamicnetworkdecoderhasbeen
developed.It is a time-synchronousViterbi decoderwith dy-
namicexpansionof LM stateconditionedlexical trees[1, 18,
17] with acousticandlanguagemodellookaheads.Thede-
codercanhandleposition-dependent,cross-wordtriphones
andlexiconswith contextual pronunciations.It makesuse
of variouspruning techniquesto reducethe searchspace
andcomputationtime, including threeHMM-statepruning
beamsandfastGaussianlikelihoodcomputations.It canalso
generatewordgraphsandrescorethemwith differentacous-
tic andlanguagemodels.Fasterthanreal-timedecodingcan
beobtainedusingthisdecoderwith aworderrorunder30%,
runningin lessthan100Mb of memoryonwidely available
platformssuchPentiumIII or Alphamachines.

Thedecoderby itself doesnotsolvetheproblemof reduc-
ing therecognitiontimeaspropermodelshave to beusedin
orderto optimizetherecognizeraccuracy at a givendecod-
ing speed.In general,bettermodelshave moreparameters,
andthereforerequiremorecomputation.However, sincethe
modelsaremoreaccurate,it is oftenpossibleto useatighter
pruninglevel (thusreducingthecomputationalload)without
any lossin accuracy. Thus,limitationson theavailablecom-
putationalresourcescansignificantlyaffect thedesignof the
acousticandlanguagemodels.For eachoperatingpoint, the
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Figure 1: Word error ratevs. processingtime for threeacoustic
modelsetswith 350k, 92k and16k Gaussianson a subsetof the
Hub4-98testdata. (Singlepassdecodingwith a trigram LM and
noacousticmodeladaptation.)

right balancebetweenmodelcomplexity andpruninglevel
mustbefound.

To illustrate this point, Figure 1 plots the word error
rate as a function of processingtime for 3 setsof acous-
tic models,which takentogetherminimize the word error
rate over a wide rangeof processingtimes (from 0.3xRT
to 20xRT) for the L IMSI broadcastnews transcriptionsys-
tem. It shouldbe notedthat transcribingsuchinhomoge-
neousdata requiressignificantly higher processingpower
thanfor speakeradapteddictationsystems,dueto the lack
of controlof therecordingsandlinguisticcontent,whichon
averageresultsin lowerSNRratios,apoorerfit of theacous-
tic andlanguagemodelsto the data,andasa consequence,
theneedfor largermodels.Theseresultsonarepresentative
portion of the Hub4-98eval test dataareobtainedusinga
3-gramlanguagemodel,andwithoutacousticmodeladapta-
tion. Thelargestmodelset(350kGaussians,11ktied states,
30kphonecontexts)providesthebestperformance/speedra-
tio for processingtimesover 5xRT. The92k modelset(92k
Gaussians,6k tied states,5k phonecontexts) performsbet-
ter in therangeof 0.6xRT to 3xRT, whereasa muchsmaller
modelset(16k Gaussians)is neededto go underreal-time.
Thereforedependinguponthedesiredoperatingpointdiffer-
entmodelsetconfigurationswill bemosteffective.

For a decoderbasedon lexical treecopies,the potential
searchspaceis proportionalto thenumberof LM contexts,
i.e., the numberof n-1-gramsin the backoff componentof
the � -gramLM. As observedfor theacousticmodels,there
isatradeoff betweenmodelcomplexity andsearchspace,i.e.
thebestmodelwithoutcomputationalconstraintsmaynotbe
thebestwhensuchconstraintsareimposed.Figure2 gives
theword error rateasa functionof therecognitiontime for
four languagemodels(1-gramto 4-gramLM) on the same
representative subsetof theHub4-98eval testdataset. The
sameacousticmodelset(6k states,92k Gaussians)is used
for all runs. It canbe seenthat the trigram LM is the best
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Figure 2: Worderrorratevs. processingtime for 4 languagemod-
els(1-gramto 4-gramLM) onasubsetof theHub4-98data.(Single
passdecodingwith the92kacousticmodelsetandnoadaptation.)

comprisefor computationtimesin therangeof interest(0.5
to 10xRT). In this rangethe 4-gramLM givesthe samere-
sults,but requiresabout50% moreparametersthanthe 3-
gramlanguagemodel. The differenceis even larger if the
requiredmemoryspaceis compared.To observe a signifi-
cantdifferencein favor of the4-gramLM, thecomputation
timeneedsto beover 20xRT with this singlepassdecoding.
For computationtimesunder0.5xRT it doesmatterwhich
LM orderis used,aslong asit is greaterthan1.

4. MULTIPLE PASS DECODER
Many systemsusea multiple passdecodingstrategy to

reducethe computationalrequirements. In multipassde-
coding,additionalknowledgesourcesareprogressivelyused
in the decodingprocess,which allows the complexity of
eachindividual decodingpassto be reducedandoften re-
sults in a fasteroverall decoder. One of the main advan-
tagesof multiple passdecodingis the possibility to carry
outacousticmodeladaptation,suchasunsupervisedMLLR,
betweenpassesby makinguseof the currentbesthypothe-
ses. Our targetedspeedbeinglower than10xRT, we need
to payattentionto thecomputingresourcesrequiredto per-
form the adaptation.In theseexperimentswe usea single
block diagonalregressionmatrix andrun only oneiteration
of MLLR reestimation.Table1 givesthecomputationtime
and word error ratesfor variousdecodingstrategies. The
pruningthresholdshave beensetsoasto matchthecomput-
ing timeof themostinterestingsetups.All passesperforma
full decode,exceptthelastdecodingpass(labelledD) which
is awordgraphrescoringusingagraphgeneratedin thesec-
ond 3-grampass. The 3 acousticmodelsetscomparedin
Figure1 areused,with the16k Gaussiansetusedin thefirst
pass,the92k Gaussiansetusedin thesecondpass,andthe
350kGaussiansetusedin thelastpass.

Theseresultsclearlydemonstratetheadvantageof using
a multiplepassdecodingapproach.ComparingthesetupsA
(1 pass,6.8xRT, 16.8%)andD (2 passes,6.9xRT, 15.4%),

Pass AM LM RT TotalxRT Werr
A 1 92k 3g 6.8 6.8 16.8%
B 1 350k 4g 10.5 10.5 16.1%

1 92k 3g 0.8 24.7%
C 2 175k+mllr 4g 9.9 10.7 14.6%

1 92k 3g 0.8 24.7%
D 2 175k+mllr 3g 6.1 6.9 15.4%
E 3 350k+mllr 4g 1.5 8.4 14.2%

Table 1: Comparisonof decodingstrategieson the NIST Hub4
eval98set(partitioningandcodingtimesarenot included).

we seethat the extra computingtime neededfor the first
decodeand the MLLR adaptationis largely compensated
by the reductionin word error rate. Using adaptedacous-
tic modelsallows us to usea tighter pruningthresholdand
have the sameoverall computingtime but with a signifi-
cantly lower word error rate. Also comparingsetupsC (2
passes,10.7xRT, 14.6%)andE (3 passes,8.4xRT, 14.2%)
demonstratethe advantageof usingan extra decodingpass
to takeadvantageof the4-gramLM andhypothesesfor the
MLLR adaptation.

As a result of theseexperiments,the configurationse-
lectedfor the1999evaluationsystemhas3 decodingpasses.
The first passgeneratesinitial hypotheseswhich are then
usedfor cluster-basedacousticmodel adaptation. This is
donevia a one pass(1xRT) cross-wordtrigram decoding
with gender-specific setsof position-dependenttriphones
(5400contexts and6275tied states)anda trigramlanguage
model(17M trigramsand8M bigrams).Band-limitedacous-
tic modelsareusedfor thetelephonespeechsegments.Prior
to thesecondpass,which generatesa word graph,unsuper-
visedacousticmodeladaptationis performedfor eachseg-
mentclusterusingtheMLLR technique[16] A word graph
is generatedfor eachsegmentin aonepass(about6xRT) tri-
gramdecodingusingposition-dependenttriphonescovering
28k contexts with 11700tied states(16Gaussiansperstate)
andthe trigram usedin the first pass.The final hypothesis
is generatedafterasecondMLLR adaptationusingtheword
graphs,a 4-grammodel anda 32-Gaussianversionof the
acousticmodelsusedin pass2. Thesethird passmodelsets
arequite comparablein size to that usedin our 1998sys-
tem (covering 28k phonecontexts with 11500tied states).
Band-limitedversionsof the acousticmodelsareusedfor
thetelephonespeechsegments.

In Table2 theword error ratesandthe total computation
time(includingpartitioning)aregivenfor boththedevelop-
ment test set (Hub4 eval98) and the Hub4 eval99 test set.
For reference,the official result on the eval98 test set us-
ing our Nov98 systemwas 13.6%, with a decodingtime
around200xRT [11]. Using only the first decodingpass,
unrestrictedBN datacanbedecodedin lessthan1.4xRT (in-
cludingpartitioning)with aworderrorratearound30%.

A 10xRT contrastsystemwasalsodeveloped,whichused



Dev data (eval98) Test data (eval99)
Step CPU time Werr CPU time Werr
CodingandPartitioning: 0.5xRT 0.5xRT
Worddecoding:

pass#1(generate3-gramhyp): 0.8xRT 24.7% 0.9xRT 29.3%
pass#2(MLLR, 3-gram): 6.1xRT 15.4% 6.5xRT 18.5%
pass#3(MLLR, 4-gram): 1.5xRT 14.2% 1.5xRT 17.1%

Overall: 8.9xRT 14.2% 9.4xRT 17.1%

Table 2: 10xRT resultsin worderrorratefor theNIST BN 1998and1999testsets.

thesamedecodingstrategy but madeuseof additionalacous-
tic andlanguagemodeltrainingdatafrom theTDT-2 corpus.
Therecognitionword list for this contrastsystemcontained
65343words(with 77033pronunciations),of which � 3800
werenot in thebaselinesystemword list. Thethird decod-
ing passmadeuseof acousticmodelsfrom our 1998sys-
tem which wereadapted(via MAP adaptation)with about
500hoursof TDT-2 acousticdatafrom February-May1998.
Sincenodetailedtranscriptionswereavailablefor this data,
only segmentsfor which the word hypothesesmatchedthe
closedcaptionwereusedfor training. Additional training
texts from theperiodof MarchthroughMay 1998(from PS-
Media,newswires)andtheTDT-2 closedcaptionsandcom-
mercialtranscripts(predatingJune98)werealsousedto esti-
matethelanguagemodels.Theadditionaldatagave a slight
performanceimprovement(3%relative)ontheNov’98 eval-
uationdata,but only a 0.1%absolutereductionto 17.0%on
the1999testset.

An unconstrainedcomputationsystemwasalsoevaluated,
in whichthe10xbaselineresultservedastheinitial hypothe-
sesfor furtherdecoding.Theacousticandlanguagemodels
werethesameasthoseusedfor the10xRT baseline.Twoad-
ditionaldecodingpasseswerecarriedout: wordgraphgener-
ationwith MLLR adaptedacousticmodelsanda4-gramlan-
guagemodel(32xRT) andwordgraphrescoringwith MLLR
adaptedacousticmodelsa 4-gramlanguagemodel(5xRT).
The resultsfor this systemaregiven in Table3. Unfortu-
natelytheversionof thedecoderscriptusedfor theevalua-
tion run hada bug which bothmadeit runslower andhada
higherword error rate. The reductionin word error is less
than10%comparedto thebaseline10x systemsdespitethe
factor of 5 in computationtime. Somerecentexperiments
with Rover [19] supportpreviousobservationsthatcombin-
ing evena smallnumberof fastdecodersmaybemoreeffi-
cientin reducingtherecognitionworderrorratethanrunning
a slowersystem.

5. SUMMARY & DISCUSSION
In this paperwe have presentedour 1999broadcastnews

transcriptionsystem,andhighlightedourdevelopmentwork
which was mainly orientedtowardsdeveloping a new de-
coderandoptimizing the acousticand languagemodelsto
remainwithin the 10x computationalrestriction. With this

Submitted (bug) Corrected script
xRT 54xRT 47xRT
bn99en-1 17.4% 17.0%
bn99en-2 14.8% 14.5%
average 15.9% 15.6%

Table 3: 50xRcontrastsystem.

competitive new decoderunrestrictedbroadcastnews data
can be transcribedin under1.4xRT with a word error un-
der30%. Dif ferentdecodingstrategieswereinvestigatedso
asto optimizeperformanceat for differentreal-timefactors.
A threepassstrategy wasfound to provide the bestperfor-
manceat 10xRT, whereasfewer passesarebetterfor faster
decodingspeeds.

Our developmentwork showed us how processingtime
constraintssignificantlyaffect modeldesign. For eachop-
eratingpoint, the right balancebetweenmodelcomplexity
andsearchpruninglevel mustbe found. For moderatede-
codingtimes(in therange0.6xRT to 3xRT) amodelsetcon-
taining92kGaussians,6k tiedstates,5k phonecontextswas
found to performsubstantiallybetterthansmalleror larger
models.If decodingtime is not animportantfactor, aneven
largermodelset(350kGaussians,11ktiedstates,30kphone
contexts)providedthebestperformance/speedratio for pro-
cessingtimesover 5xRT.

We have developed broadcastnews transcription sys-
tems with comparableperformancelevels for three other
languages� (French,Germanand Mandarin) and are cur-
rentlyalsotargetingPortugueseandArabic.
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